Various fault location methods have been developed in the past to identify the faulty phase, fault type, faulty section, and distance. However, this identification is commonly conducted in a separate manner. An effective fault location should be able to identify all of these at the same time. Therefore, in this work, a method using a support vector machine (SVM) to identify the fault type, faulty section, and distance considering the faulty phase is proposed.
Introduction
A distribution system plays an important role in an electric power system. It supplies power to residential, commercial, and industrial customers. The primary objective of a distribution system is to ensure reliable service to customers. However, distribution systems are subjected to faults due to environmental factors and human errors. Fault occurrence usually causes power outage to every customer in the system. The average cost for outage duration of 1 h was estimated as $3 for residential customers, $1200 for commercial customers, and $82,000 for large industrial customers [1] . To reduce power outage and to ensure reliable service to customers, faults need to be identified and cleared to restore service as fast as possible. For this purpose, the faulty component or line has to be identified and located accurately. Identification of a fault refers to identifying the faulty phase and the type of fault, while location refers to identifying the faulty section and distance of the fault * Correspondence: g_sophi@blr.amrita.edu This work is licensed under a Creative Commons Attribution 4.0 International License. from a particular point. Hence, an effective fault location in distribution systems should be able to identify the following: faulty phase, fault type, faulty section, and fault distance.
In the past, various artificial intelligence techniques have been used to identify faults, such as the fuzzy theory, artificial neural networks (ANNs), and SVM. Fuzzy theory was proposed in [2] , which analyzed the symmetrical components of fault current to determine the type of fault. In [3] the line current measurements were used to identify fault type. Although fuzzy logic-based methods produce satisfactory results, the challenge is in determining the global minimum using fuzzy membership functions. Wrongly chosen membership functions would lead to inaccurate results of fault locations. The pattern recognition feature of ANNs using voltage and current measurements was proposed in [4] for fault location. The method in [5] uses prefault and postfault sample currents and voltages for fault location. The ANN uses self-organizing mapping (SOM), which analyzes large input datasets and generates two-dimensional clustered data. The clustered data were used in [6] , which provided a feature map of cirrhotic patients. The work also analyzed weights of the cirrhotic parameters using SOM. The limitation of ANNs is in choosing the hidden layers, neurons, and learning rate, which are identified using trial and error.
The SVM is found to be effective for power system applications due to its ability to solve small quantities of nonlinear samples even in high dimensions. An effective method of fault location was proposed in [7] , which use the SVM and fundamental components of voltage and current in faulty phases for fault distance calculation. The method uses the high frequency range characteristics of voltage and current. An investigation using support vector classification (SVC) for fault type in transmission lines was proposed in [8] . SVMs are trained with polynomial kernels and Gaussian kernels to obtain the optimized classifier. The method identifies the fault classification, ground detection, and section identification. In [9] , the SVM is used as an intelligent tool to diagnose the fault type and distance in power transmission systems. The method is important for postfault diagnosis of any maloperation of relays following a disturbance in the neighboring line connected to the same substation. A combination of SVM and wavelet transform was proposed in [10] for prediction of fault type and location. It uses voltage and current signals to locate faults in transmission systems. It works in three stages. First, wavelet transform is employed to extract the high frequency components of voltage and current. Second, fault type is identified using SVC. Finally, the fault distance is identified using support vector regression (SVR) analysis. The limitation of the method is that it does not consider the faulty phase in the system. A hierarchical fault location method was proposed in [11] by analyzing the distribution of the loop for faulty sections. The method identified the fault distance using the SVM. This method is proposed for single-phase grounding faults and is not suitable for other types of faults. In a recent work [12] , fault identification was proposed by using long short-term memory (LSTM) networks and the SVM. LSTM networks captures multisourced data and the SVM is used for the classification of results prediction. The feasibility of the work is tested using practical applications.
In the past, fault location-based SVMs focused on finding the faulty phase, fault type, faulty section, or fault distance separately. None of the methods identify these parameters in a single SVM method. Thus, the aim of the proposed method in this paper is to use a SVM to locate a fault and identify fault type and faulty phase at the same time. The limitation of measurement data in the distribution system is also considered in the proposed method by using voltage sag measured at the primary substation. The proposed method uses SVM classification and regression analysis for locating the fault. There are three steps in this method. First, the type of fault among ten different fault types is classified using the directed acyclic graph SVM (DAGSVM) algorithm. DAGSVM is superior to other multiclass SVM algorithms in both training and evaluation time [13] . Second, the fault resistance is identified using SVR to find the faulty section. The faulty section further helps in identifying the location of the fault. Finally, the fault distance is estimated using SVR analysis. The rest of the paper as follows: Section 2 describes the proposed methodology. Section 3 presents the simulation and the test results of the proposed method. Section 4 describes the conclusion of this work.
Proposed methodology
The proposed method utilizes voltage sag magnitude in 3 phases (phase a, b, and c) to identify the fault in distribution systems. The flowchart of the proposed method is shown in Figure 1 . 
Training data establishment
The SVM uses a training set of data for classification and regression analysis. The steps in establishing training data are as follows: The simulation is repeated for fault resistance of 20 Ω, 40 Ω, and 60 Ω resistance, which are represented as R f (x + 1) , R f (x + 2) , and R f (x + 3) .
2.
Step a is repeated for other fault types of single line to ground fault at phase b (SLGF b ) , single line to ground fault at phase c (SLGF c ), line to line fault at phase ab (LLF ab ), line to line fault at phase bc (LLF bc ), line to line fault at phase ca (LLF ca ) , double line to ground fault at phase ab (DLGF ab ) , double line to ground fault at phase bc (DLGF bc ) , double line to ground fault at phase ca (DLGF ca ), and three phase to ground fault at phase abc (LLLGF abc ).
Fault type classification
The fault type is classified using the DAGSVM algorithm. The proposed method classifies 10 classes, which represent ten types of fault: SLGF a (class 1), SLGF b (class 2), SLGF c (class 3), LLF ab (class 4), LLF bc (class 5), LLF ca (class 6), DLGF ab (class 7), DLGF bc (class 8), DLGF ca (class 9), and LLLGF abc (class 10). The voltage sag data at fault conditions, V af , V bf , and V cf , serve as the input for the DAGSVM. The desired output is the type of the fault. Figure 2 describes the fault type classification using DAGSVM. 
Faulty section identification
Once the fault type is known, the faulty section is identified. Faulty section identification consists of fault resistance estimation, selection of possible sections, and rank analysis. Fault resistance is estimated using SVR analysis. The voltage sags at fault conditions (V af , V bf , V cf ) are assigned as the input to SVR. The corresponding output ( R est f ) is the fault resistance. Using fault resistance, the voltage sag data from the database are selected and compared with the actual voltage sag data to identify the possible faulty sections [14] .
If the estimated fault resistance R est f lies between R f (x) and R f (x + 1) , then the faulty section is identified
, where R f (x) and R f (x + 1) are the adjacent fault resistances in the database, for which the voltage sag data are recorded in the database. Consider a faulty section s between nodes i and j , with a fault resistance between R f (x) and R f (x + 1) . The voltage sag magnitudes are shown in Table 1 . 
If the voltage sag at the fault lies between the minimum and maximum of the two nodes of a section, the corresponding section is chosen as the faulty section [14] .
Finally, the most likely faulty sections can be identified and ranked using shortest distance analysis. The faulty section that yields the shortest distance among all possible faulty sections has a high priority of the most likely faulty section [14] . 
Distance from a point (V af , V bf , V cf ) to the line joining (V given as M / S , whereM is the cross product of vectorsN ands.
The shortest distance d sn is given by
Fault distance estimation
Fault distance is estimated using SVR analysis. The voltage sag data for the selected faulty section from the database (Table 1) are trained using SVR to estimate fault distance. The fault distance estimation is shown in Figure 5 shows a distribution system of an electrical utility in Malaysia that has been used for testing of the proposed method. It consists of a 132 kV source, 132/11 kV step down transformer ( Y − ∆) , 2 main feeders with branches and subbranches, 39 line sections, and 40 nodes. PSCAD 4.5 simulation software is used to model the distribution system and the intelligent techniques are implemented using MATLAB. PSCAD 4.5 is used with the objective of developing an analytical database for training and to generate test data of voltage sag in order to validate the proposed method. For the purpose of developing the database, faults were simulated at all nodes. For testing, faults were simulated at the middle of each line section of the distribution networks.
Results
The 132 kV source is modeled using an equivalent three-phase voltage source model and the transformer using a three-phase 2-winding transformer. Meanwhile, the loads were modeled as equivalent resistance and inductance. The node number is represented along the line section. The voltage sag data are recorded in the measurement node at the primary substation of the distribution system ( Figure 5 ). For training purposes, a fault is generated at all the 40 nodes of the distribution system for 0 Ω, 20 Ω, 40 Ω , and 60 Ω and the corresponding voltage sag data are noted. Hence, a total of 1600 voltage sag samples are used for training purposes. Different from the training data, for testing purposes, faults at the midpoint of the line section (39 
Fault type classification
The support vectors and the hyperplane for fault type classification using DAGSVM are illustrated in Figures   6-14 . Figure 6 gives the first set of binary classifications between SLGF a (class 1) and LLLGF abc (class 0). The x-axis represents the voltage at phase a, y-axis represents voltage at phase b, and z-axis represents voltage at phase c. A total of 46 support vectors are identified by mapping using a kernel function for SLGF a /LLLGF abc classification and they are marked with green circles. If SLGF a is chosen as the fault type, then LLLGF abc is omitted and a second set of classifications takes place between SLGF a and DLGF ca as shown in Figure 7 with a total of 50 support vectors. Similarly, the process is repeated until the actual fault type is identified, as shown in Figures 8-14 . The support vectors identified for Figures 8-14 are 23, 53, 54, 37, 34, 34, and 33 , respectively. DAGSVM gives 100% accuracy in classifying the fault type for 1170 test cases. Figure 9 . Hyperplane for SLGF a vs. DLGF ab .
Faulty section identification
The faulty section is identified for a fault at the midpoint of the line section. The test results of fault resistance are analyzed for faulty sections, nodes 9-10 (main at feeder 1) and nodes 29-30 (branch at feeder 2), and detailed in Table 2 . The possible faulty sections, calculated shortest distance, and corresponding ranking are detailed in Table  3 . The test case is carried out for SLGF at the midpoint of nodes 9-10 with 10 Ω , 30 Ω, and 50 Ω resistances. Rank 1 means the first shortest distance and the most likely faulty section for which the fault distance is calculated. Rank 2 means the second shortest distance, and so on for other ranks. Some of the faulty sections have higher rankings due to multiple laterals, which makes the voltage sag pattern overlap with other sections. 
Fault distance estimation
The overfitting or underfitting issues in SVR are addressed by the selection of the regularization parameter, C . A small value for C will increase the number of training errors and may have underfit, while a large C will lead to a behavior similar to that of a hard-margin SVM and overfit. The regularization parameter C is analyzed for various values of 0.01, 0.1, 1, 10, and 100. The value of C is set as 10, which gives a balanced output. The fault distance results analyzed for an actual distance of 0.25 km in section 9-10 (LLLGF abc at 10 Ω resistance) are given in Table 4 .
Test results of fault distance for SLGF, LLF, DLGF, and LLLGF using SVR analysis are illustrated in Figures 15-18 for a fault at the midpoint of the line section at 10 Ω, 30 Ω , and 50 Ω . A maximum percentage 
Comparison of SVR with ANN, DNN, ELM, and kriging methods
In order to analyze the effectiveness of the proposed SVR, other methods, namely ANN, DNN, ELM, and kriging, were applied for fault location as shown in Table 5 . A fault was created at the midpoint of line section 9-10 with an actual distance of 0.25 km. The test results indicate that SVR calculates fault distance with better accuracy. 
Conclusion
In this work, an approach using DAGSVM and regression analysis for locating faults has been successfully proposed. The method uses voltage sag at three phases to locate the fault. The test result of fault type gives accurate results. The ranking analysis shows that all the faulty sections can be identified. The proposed fault distance gives a maximum percentage error of 35% with an absolute error of 0.226 km, which is a small length compared to the whole distribution system. The test results of SVR are compared with ANN, DNN, ELM, and kriging methods, which shows that SVR yields better accuracy than the other methods. Based on these results, the proposed method has the potential to be used to identify the faulty phase, fault type, faulty section, and fault distance for various fault resistances in actual distribution systems. Further evaluation of the proposed method is being carried out by considering load variations and effects on distribution systems. The proposed method could also be developed into PC-based fault location systems with graphical user interface using a Windows-based development environment.
